We investigate a correlation between genetic diversity of hepatitis C virus population and the level of viral RNA accumulation in patient blood. Genetic diversity is defined as the mean Hamming distance between all pairs of virus RNA sequences representing the population. We have found that a low Hamming distance (i.e. low genetic diversity) correlates with a high RNA level; symmetrically, high diversity corresponds to a low RNA level. We contend that the obtained correlation strength justifies the use of the viral RNA level as a measure enabling prediction of efficiency of an established therapy. We also propose that patient qualification for therapy, based on viral RNA level, improves its efficiency.
Introduction
The aim of this paper is to propose a method for early-stage hepatitis C virus (HCV) patients' assessment, under which predictions can be made about efficiency of a treatment.
HCV is one of the most prevalent human pathogens, infecting more than 170 million people worldwide [12] . Similar to other RNA-based viruses, it exists as a quasispecies in an individual organism [3, 11] , i.e. as a pool of phylogenetically related but genetically slightly distinct variants. With its capacity for long-lasting persistence in the host, HCV causes chronic infections that can lead to liver fibrosis, cirrhosis and hepatocellular carcinoma [1, 10] .
Interferon alpha in combination with ribavirin is currently used as a standard therapy for chronic hepatitis C (CHC). Unfortunately, only about 40% of patients infected with HCV (1a or 1b, which belongs to the most common genotypes in Europe and in the USA) develop sustained response (SR) to the treatment. The remainder does not respond or display a transient response (TR) only [8] . Interestingly, no specific correlation between clinical parameters describing patients (e.g. age, sex, aminotransferases level, etc.) and the therapeutic outcome has been found. However, there is evidence to suggest that there exists some correlation between patients' response to therapy and composition of the HCV quasispecies [2, 9] .
Earlier we observed in [4, 5] that a highly diversified viral population can be linked to a positive therapy outcome in children (SR). On the other hand, a homogeneous population forecasts a treatment failure (TR or no response (NR)).
Briefly, those findings came from an analysis of the quasispecies' structure, based on observations of a fragment of E1/E2 protein coding sequence, before subjecting the patients to interferon-ribavirin therapy. Three parameters were used to describe an HCV population:
(1) quasispecies complexity (the number of different viral variants); (2) phylogenetic trees; and (3) genetic diversity represented by mean Hamming distance [4, 5] .
Among them, the last two parameters were shown to best reflect the differences between HCV populations isolated from patients with various treatment outcomes. Our results indicated that the therapy was successful when the tested region exhibited substantial polymorphism at T 0 reflected in a high Hamming distance (Figure 1 In this paper, we propose a method of HCV population analysis useful for the prediction of CHC treatment outcomes. At present, all patients with CHC who meet certain standard inclusion criteria are subjected to the interferon -ribavirin treatment. Since the therapy is effective for about 40% of them only, it would be advantageous to modify and restrict the criteria, in order to improve the treatment efficiency, i.e. to limit it to patients in whom the therapy benefits outbalance the risks. This appears to be of special importance in view of the fact that the administration of currently used medicines if often connected with significant side effects, including flulike, gastrointestinal and psychiatric symptoms [7] . We intend to use the above depicted results to propose a mathematical approach that could support a process of patients' qualification for the treatment.
The direct measurements of HCV genetic diversity using the Hamming distance and/or phylogenetic trees' display are time consuming and costly. This is the main hindrance for their use as therapy predictors. The contribution of this paper is in observing a correlation between HCV genetic diversity and some routinely determinable parameters. The parameters are viral RNA accumulation and alanine aminotransferase (ALT) level 7 . We will show that there is a virus RNA threshold level that can separate the patients who will most likely respond positively to the treatment, from the remaining ones. We contend that measuring the ALT levels cannot be used as a success predictor.
The reminder of this paper is organized as follows. In Section 2, we describe and analyse available case-study data on HCV infected patients. We explain in Section 2.5 how the state transitions can be inferred from the case study. The state transition analysis is carried on in Section 3. Section 4 summarizes our findings.
RNA levels model

Current treatment scheme
The standard therapy (including a follow-up) for CHC, caused by HCV that belongs to the most common genotypes, lasts 72 weeks. The level of HCV RNA accumulation is determined for each patient just before the administration of interferon and ribavirin (T 0) and then after 24, 48 and 72 weeks (T 24, T 48 and T 72, respectively). Patients with a detectable amount of HCV RNA in T 24 are excluded from further therapy. The others are treated till T 48. At T 72, patients' response to the treatment is assessed and qualified as: (i) sustained (with an undetectable amount of HCV RNA at T 24, T 48 and T 72), (ii) TR (with an undetectable amount of HCV RNA at T 24, but measurable again at T 48 and T 72, or undetectable amount of HCV RNA at T 24 and T 48, but measurable again at T 72), or (iii) NR (with a detectable amount of HCV RNA at T 24, T 48 and T 72).
The numerical data used as a basis for the analysis presented in this paper have been collected from patients treated according to the described scheme (Appendix A, Tables A1 and A2).
Genetic diversity proxies
For display reasons, we code patients on the basis of the mean Hamming distance as follows (Figure 1(a) ):
(1) red with low genetic diversity -mean Hamming distance below 4.5; (2) blue with medium genetic diversity -mean Hamming distance between 4.5 and 6.61; and (3) green with high genetic diversity -mean Hamming distance above 6.61.
Unfortunately, obtaining data necessary for construction of a phylogenetic tree is a long and expensive process, so only 15 cases were studied. On the other hand, the amount of virus RNA in blood is relatively easy to be measured. We have the data about RNA levels for 109 patients, including the 15 patients, for whom the phylogenetic trees are known. We used this data set to examine a relationship between the levels of virus RNA and the genetic diversity. We contend that if there is a correlation between these values, then we can use the RNA levels in patients to proxy the virus population genetic diversity and forecast a response to the treatment.
So, we examine the correlation between patients' genetic diversity measured by the mean Hamming distance and the RNA levels. We use data collected on patients in Table A1 (Appendix A, p. 13). The analysis is presented as a linear regression in Figure 2 .
The R 2 coefficient for this regression is 0.39. This means that about 40% of variability in the mean Hamming distance can be explained by the changes in the RNA level.
The value R 2 ¼ 0:39 can be considered as rather large. However, the available sample size is small, which raises the question of significance of the obtained results. To decide upon it, we have applied the F-test for the model and the t-tests for the coefficients. The tests have confirmed significance of the model. The computed value of F ¼ 9:72 is greater than F crit ¼ 4:67; also ðt ¼ 23:11Þ , ð2t crit ¼ 22:16Þ at significance level 0.05. Bearing in mind that the critical values of F crit and t crit allow for the small number of observations we remain satisfied that the results presented in this paper are statistically significant. In the end, we are confident that we can use patients' RNA levels as a proxy for HCV genetic diversity and hence forecast patient curability on the basis of the former.
Nevertheless, we are aware of the small sample, which is the base for our results and admit the possibility that they could change should the sample increase. The results that follow in this paper are justified by the above tests. We endeavour to replicate our study for a larger set of observations, once they become available. This would strengthen the practicality of our results.
As an alternative for the RNA levels we have also examined HCV genetic diversity dependence on the ALT levels. The data about ALT are also presented in Table A1 and the linear regression chart is presented in Figure 3 . It can be noticed that the ALT level is extremely large for one point (the rightmost point in Figure 3 ). Accordingly, we analysed two sets of data -with and without this point. For these data, the R 2 coefficient is equal to 0.11 or 0.19, respectively. This is, in both cases, much smaller than R 2 for the RNA levels. This suggests that the ALT level is not a good choice for a proxy for HCV genetic diversity and will be excluded from further analysis.
Data distribution
A histogram of RNA level data divided into eight groups in T 0 is presented in Figure 4 . Each group has a width equal to 0:62ðlog IU=mlÞ. A histogram of RNA level data divided Colours represent a group, to which patients belong, see items 2-2 above. The vertical line represents a division of states which will be explained later in Section 2.4. Data presented in this chart are taken from Table A1 .
into 10 groups in T 24, T 48 and T 72 is presented in Figure 5 . In T 24 and later patients with no RNA particles appear so the number of groups had to be increased. Each group has a width equal to 1:0ðlog IU=mlÞ. The source data are presented in Table A2 (Appendix A, p. 14). Should the group of healthy patients be removed (i.e. the group with RNA level equal to 0) the distributions presented in Figures 4 and 5 could be approximated by normal distributions 8 . We have measured mean and standard deviation of the virus RNA distribution at T 0 as m ¼ 5:84 and s ¼ 0:88, respectively. We will use these parameters to arrange patients into groups whose virus evolution can be considered similar. Table A1 .
We notice that for some patients in Table A2 , we have only information that the viral RNA was detected without an exact numerical value of its level. We have used the above distributions (Figures 4 and 5 ) to generate the 'missing' values. In particular, we have built a random number generator that produced numbers whose distribution was exactly the same as observed in the patients with full records. In effect, the resulting data spreads are the same as in the full record patients. In this fashion, we have increased the data set and utilized information about all patients that participated in the experiment whose levels of the viral RNA was significant.
Transition states
An analysis of Figures 4 and 5 suggests that a patient will belong to one of the following three groups over the course of 72 weeks:
. Group N or no RNA -where the RNA level is below or equal to N max ¼ 2:43ðlog IU=mlÞ. This is the level of RNA that cannot be detected with currently used methods. Patients with RNA levels in this range are considered uninfected. . Group M or medium RNA level -where the RNA level is between 2:43ðlog IU=mlÞ and M max ¼ 6:53ðlog IU=mlÞ. The latter value separates the green group of patients from the 'first' patient of the blue group ( Figure 2 ) and is close to s þ m reported for the distribution at T 0. We propose this value as the upper limit of this group. . Group H or high RNA level -where the RNA level is above 6:53ðlog IU=mlÞ, that is the rest of the patients.
The number of patients in each group at the beginning of each week is presented in Figure 6 .
From this chart, we conclude that after 24 weeks of treatment about 60% of patients appeared to be uninfected (group N ). Together with an increase of the number of patients in this group there is a decrease of the number of patients in the group with the high RNA level (group H). We observe that during the following weeks the number of people without the virus starts to decrease and the number of people with a high level of virus starts to increase which signifies the recurrence of the infection.
Analytically, we can say that the virus RNA levels 'evolve' between the above groups. 
Transition matrices
The chart presented in Figure 6 provides a rather limited possibility for an analysis. However, it shows how the number of patients belonging to each group varies between the weeks. We contend that the above transitions are typical and postulate that they are governed by transition probabilities of patients between the groups.
We define a transition probability matrix as follows: 
Here, i and j are indices of weeks between which a transition occurs (i; j [ {T 0; T 24; T 48; T 72}) and p ði; jÞ g; h is a transition probability between two groups g; h [ {N; M; H} and weeks i and j.
We have calculated three matrices T T 0;T 24 , T T 24;T 48 and T T 48;T 72 that represent transitions T 0 ! T 24, T 24 ! T 48 and T 48 ! T 72. We have also calculated two additional matrices for the transitions between the beginning and the end of treatment (T 0 ! T 72) and between the end of the first phase and the end of treatment (T 24 ! T 72).
We can also define a vector containing the number of patients at the beginning of week i as:
where P i,g denotes the number of patients in group g at week i. Using Equations (1) and (2), we can calculate the number of patients in week j as: In our case study, we have
The transition matrices calculated using the data from Table A2 are presented as Equations (5) - (9) . We notice that the first row coefficients in matrix T 0,24 are irrelevant for our study because there are no patients in group N at the beginning of the treatment. 
We will use the above matrices to estimate patient numbers in groups N, M, H when the initial patient numbers (and distribution) are different from (4).
Therapeutic efficiency
A measure
We are aiming to assess how effective the current therapy is and suggest a method that could be used to improve its efficiency. Owing to its significant side effects of the present therapy it would be beneficial for the patients' well-being, if only those whose treatment has a high probability of developing an SR were subjected to the therapy. This would improve the treatment efficiency because non-curable patients would be spared suffering.
We define the therapeutic efficiency ratio as follows
We will assume that 'total treated' will be a rather large number so that degenerated cases (0 and 1) are avoided. We understand 'total cured' as the number of patients who have undetectable virus RNA level in T 72.
If we allow 'total treated' to be a political decision variable that depends on the initial RNA level m; m [ ½3:0; 8:5 9 then therapeutic efficiency will depend on this variable as follows
It is easy to read from Table A2 (also, see the last bar in Figure 6 ) that 1ð8:5Þ ¼ 51 109
This value characterizes the current therapeutic policy, which consists of treating any patient that meets inclusion criteria irrespective of their virus RNA contents.
We notice another interesting number that may characterize therapeutic efficiency that is the composition of 'total cured'. From the data in Table A2 , we can calculate that 92% of 'total cured' have come from the group whose RNA level is below 6:53ðlog IU=mlÞ (Section 2.4). This suggests that treating patients with the RNA levels below that number should increase the value of 1 10 . In the next section, we will assess 1 for situations when submitting a patient to the therapy will depend on their initial RNA level.
Sensitivity of therapeutic efficiency to the initial RNA level
Assume that the virus RNA level in a patient in period t depends on its contents in period t 2 1 only. Under the current treatment method, no patient is treated between weeks 48 and 72. Hence, given the above assumption, we postulate that the transition probabilities in matrix T 48;72 (Equation (7)) could be used to describe the change in the virus levels in the untreated patients at any time.
According to the current treatment method all patients are treated between weeks 0 and 24. We propose the following simulation exercise. Suppose that only patients with the RNA levels below a threshold level are subjected to the therapy. If we replace the last row in T 0,24 (i.e. the row that describes the virus transitions in untreated patients) with the last row of matrix T 48,72 we will receive matrix T 0 0,24 . This matrix will represent probabilities of transitions when only patients with low virus RNA levels are treated between weeks 0 and 24. Using this matrix and Equation (3), we will calculate the number of patients in each group in week 72. The result is presented in Equation (12) which produces the expected number of patients (it was rounded to the integer number). 
The patient distributions among the groups in this case are shown in Figure 7 . We can see that the comparison of 'total cured' (the fourth bar's lowest block) to 'total treated' (the first bar's lowest block) results in 1 ¼ 0:52, which is higher than before.
Presumably, the fewer the patients we treat, the higher the therapeutic efficiency. However, fewer patients treated means that some of them would remain sick but could have been cured under higher M max , which is the RNA level that separates the treated from untreated patients (Section 2.4). We will now vary M max and examine sensitivity of 1 to those variations.
So, for a few values of M max we use the above algorithm, i.e. we
(1) calculate transition matrices T using a new value of M max (Section 2.5); (2) replace the last row of T 0,24 with the last row of T 48,72 ;
(3) calculate the number of patients P 72 at T 72 using Equation (3); and (4) calculate the value of 1(m), here m ¼ M max .
The above algorithm uses transition matrices to estimate the value of 1. We compared it to the algorithm that does not use matrices T and calculates the value of 1 using the raw data. This algorithm is following:
(1) Select only these patients who have the level of RNA at T 0 lower or equal to M max . Let P all denote the number of these patients. (2) Calculate the number of patients who had SR in the selected group of patients.
Let P SR denote the number of these patients. (3) Calculate the value of 1 using the following formula:
The latter algorithm does not assume that the RNA level depends only on its content in the previous period but its disadvantage is that it can model only those cases that are explicitly provided in data. For example, it cannot model the case in which some patient in group H is healed although we know from matrix T 24,72 that it is possible (it applies to 3% of patients in group H).
The results are presented in Figure 8 . We can observe that the algorithm which does not use transition matrices has a significant local minimum at 4:25ðlog IU=mlÞ. This minimum occurs because for virus RNA level lower than 4:5ðlog IU=mlÞ there is a very limited number of patients and most of them did not have SR. This is the instability that often occurs in real data, especially when the number of cases is small. This minimal 1 value is calculated based on only six patients' data and when the number of patients becomes more statistically significant when the increase of M max 1 raises to the higher value. This problem does not occur for the algorithm that uses transition matrices. To estimate the value of 1 it uses results of statistical analysis instead of non-processed data and that is why it is more noise-resistant. On the other hand, this shape of the curve reflects also the complexity of this biological system where the outcome of virus infection and therapy depends on many factors, not only on the viral RNA level.
We can also observe that increasing M max decreases the value of 1 which is consistent with other reports (for example [6] ). It can be noticed that after exceeding the RNA level of M max ¼ 5:25ðlog IU=mlÞ the efficiency of the therapy modelled with transition matrices decreases significantly and the efficiency of the therapy modelled without transition matrices stays at the constant level. Using these observations, it can be suggested that the optimal M max is somewhere at 5:25ðlog IU=mlÞ.
Concluding remarks
It was proposed in [4, 5] that phylogenetic trees and the mean Hamming distance of HCV populations can be useful in predicting a CHC treatment outcome. In this article we employed a linear regression analysis to test the dependency between the genetic variability of the virus and its accumulation reflected in the RNA level in blood. R 2 coefficient for the regression, confirmed by the F-and t-tests, turned out to be reasonably high (0.39). This enabled us to use the level of viral RNA accumulation as a proxy for genetic variability. We then associated the types of responses to treatment with the three patient groups (N, M, H), separated by the different virus RNA levels. Next, we constructed matrices describing transitions between the groups. Finally, we analysed the therapeutic efficiency using unprocessed data and results of the algorithm that uses transition matrices. Our results indicated that RNA accumulation below 5:25ðlog IU=mlÞ can be regarded as a threshold separating patients with high probability to develop an SR from those whose response was null or temporary. Gathering more data from a larger group of patients could contribute to improving (i.e. 'tuning' the threshold) the current criteria of patient qualification for CHC therapy.
Notwithstanding the encouraging result, we endeavour to confirm our findings using a larger dataset than currently available. 
